The context-dependent data envelopment analysis ensures that the observations are stratified with respect to their levels of efficiency. The latter instance of stratification enables one to draw more reasonable recommendations regarding performance improvements. The research aims to identify and quantify the discrepancies in efficiency levels among Lithuanian family farms. The crop farms were grouped into the nine strata associated with different levels of efficiency, the livestock farms were grouped into the five strata, and the mixed farms were grouped into the six strata. Therefore, the crop farms appeared to be the most heterogeneous in terms of efficiency and productivity. The results showed that the mixed and livestock farms were specific with certain strata featuring inflated values of the progress scores. Accordingly, support measures for the mixed and crop farms should take into account the underlying differences in the farm performance.
Introduction
Data Envelopment Analysis (DEA) is a frontier method widely used for the efficiency analysis. As it is the case with the frontier methods, the observations are benchmarked in terms of those comprising the efficiency frontier. Depending on the assumptions on returns to scale, the efficient frontier is defined by considering observations which are the most productive ones, whether locally or globally. As a result, the analysis depends on the observations used as a yardstick. In case of DEA, the efficiency scores attributed to the inefficient observations will not be affected by changes in other inefficient observations, albeit changes in the efficient ones will render respective alterations in the overall ranking. Thus, it is possible to alter the efficiency scores by changing the reference set (i. e. efficiency frontier).
Another peculiarity of the DEA is associated with the distribution of the efficiency scores. As A. Ulucan and K. B. Atici (2010) pointed out, the proportion of (extremely) inefficient observations is often inflated due to exogenous factors or different activities certain decision making units (DMUs) are engaged in. As a result, the targets for input consumption or output production become meaningless. Furthermore, the consumer choice theory also stipulates that consumers usually choose a product amongst those belonging to a certain sub-group (determined by the product positioning) of the products. By generalizing this idea to efficiency analysis one can conclude that performance of a DMU might be low in terms of the entire sample, albeit sufficient in its environment.
The context-dependent DEA, therefore, becomes particularly appealing in that the observations are stratified with respect to their levels of efficiency. The latter instance of stratification enables one to draw more reasonable recommendations regarding performance improvements. The context-dependent DEA was introduced by L. M. Seiford and J. Zhu (Seiford, 2003; Zhu, 2003) . The latter approach relied on the radial measures. Later on, the slack-based context-development DEA was developed (Morita, 2005; 2007; Cheng, 2010) . The context-dependent DEA has also been extended with the ratio DEA (Wei, 2012 ) and cross-efficiency measures (Lim, 2012) .
This paper employs the context-dependent DEA to Lithuanian family farms. The research aims to identify and quantify the discrepancies in efficiency levels among Lithuanian family farms. In particular, the analysis focuses on the three farming types, viz. crop, livestock, and mixed farming. The research relies on the farmlevel data from the Farm Accountancy Data Network (FADN).
Preliminaries for the context-dependent DEA
This section presents the radial context-dependent DEA model (Seiford, 2003 
The context-dependent DEA analyses the strata of the DMUs, i. e. the boundaries of the production possibility sets. These boundaries (frontiers) are, in turn, obtained by removing the previously identified efficient observations. Therefore, we can speak of frontiers related to different levels of efficiency. Note that higher level implies higher number of efficient observations being removed from the sample. Let the level of efficiency under consideration be denoted as l.
The following computations are valid in terms of the output-oriented DEA. Let 
is the Farrell output efficiency measure, which, for a certain tk  , is obtained by solving the following linear programming problem:
where   l FJ indicates that a DMU belongs to the technology set, l J of level l . Variable returns to scale might be imposed by adding an additional constraint,
The overall number of efficiency levels, L , is determined by employing the iterative procedure as follows (Seiford, Zhu, 2003 
where  
. The attractiveness score is defined as a reciprocal of the optimal value to Eq. 
where   . The concept of progress is visualized in Fig. 1 . The observations define the first-level efficiency frontier, i. e. 1 l  . The observations belonging to the latter frontier, 1 E , are then removed from the reference set and the new frontier is established. After iteratively removing the efficient observations, analysis ends up when no inefficient observations are included in the reference set. In this instance, there are four levels of efficiency. As one can note, the progress scores for the original observation,
 
, tt xy, can be measured against each level of efficiency, up to the third degree in total. Meanwhile, the attractiveness scores for that particular observations cannot be computed given it is already located at the lowest level of efficiency. (HH). Little attractive observations can also feature either low progress (LL) or high progress (HL). The LH-type observations can therefore be considered as the most desirable ones, for they are quite efficient and maintain higher distance from the dominated observations. On the other hand, the HL-type observations are least desirable, given they are peculiar with low efficiency and low distance from the dominated observations.
Data and Results
The data for 200 farms selected from the FADN sample cover the period of 2004-2009. Thus a balanced panel of 1200 observations is employed for analysis. The technical efficiency was assessed in terms of the input and output indicators commonly employed for agricultural productivity analyses. More specifically, the utilized agricultural area (UAA) in hectares was chosen as land input variable, annual work units (AWU) -as labour input variable, intermediate consumption in Litas, and total assets in Litas as a capital factor. The last two variables were deflated by respective real price indices provided by Eurostat. On the other hand, the three output indicators represent crop, livestock, and other outputs in Litas (Lt), respectively.
The output-oriented context DEA model was employed to stratify the observations. Indeed, the input-oriented model yielded the same results. The farm sample was therefore divided into the nine levels of efficiency (i. e. strata) until no observations remained under the production frontier. The emerged strata contained observations associated with different farming types. Therefore, it is possible to quantitatively and qualitatively analyse the distribution of the farms in terms of their relative efficiency. Table 1 below summarizes the distribution of observations across the levels of efficiency. The distribution of the efficiency scores can be described in terms of the strata, l , at which a certain observation became fully efficient, i. e.   * ,1 kl   . Evidently, most of the observations fell into the 4 th -5 th strata (i. e. efficiency levels). However, some differences emerged among the farming types.
Specifically, some 37% of the crop farm observations were efficient at stratum 5, whereas another 15% were efficient at stratum 4. Some observations did also fall in the most extreme strata. As for the livestock farms, these were mainly concentrated within strata 2-3. However, these observations covered strata 1-5 in a rather even manner. Note that the extreme strata were not covered by observations associated with the latter farming type. Finally, the mixed farms were mainly concentrated in strata 4-5. Noteworthy, the mixed farms were rather compact in terms of their distri-bution across the efficiency levels (strata). The results thus showed that the livestock farms were dominating other farming types, i. e. most of these farms appeared on the lower-order strata associated with higher efficiency scores.
Identification of the underlying levels of efficiency (strata) enables one to quantify the differences in efficiency. Firstly, it is possible to analyse the efficiency scores obtained with respect to the first efficiency level, which, indeed, is the global production frontier. Fig. 2 presents the intervals of the (global) efficiency scores for each stratum. As one can note, livestock and mixed farms featured narrow ranges, whereas crop farms exhibited wider ones. Indeed, the minimal values of efficiency ranges were much lower for crop farms if compared to other farming types.
Fig. 2. The ranges of the inverse Farrell output efficiency scores across efficiency levels
Progress scores describe the distance of an observation and the frontier of the lower efficiency level, whereas attractiveness scores describe the distance to the frontier of the higher efficiency level. These measures, therefore, enable to describe the context a farm is operating in. The first-degree progress and attractiveness scores were estimated for each farming type. Table 2 presents the mean values.
The progress scores mainly indicate the extent of improvement in productivity needed to achieve a higher level of efficiency. As one can note, the differences in the progress cores were not decisive across the farming types and strata. The efficient farms belong to the first-level efficiency frontier. The attractiveness scores for the latter stratum measure the distance between the efficient farms and the second-level efficiency frontier, which comprises farms efficient in the context of their productivity level. The higher scores off attractiveness thus indicate higher differences in productivity. Obviously, the differences in attractiveness scores were higher if compare to those in progress scores.
14 Given most of the crop farms belonged to the fourth-and fifth-level efficiency frontiers (Table 1) , we can focus on these strata to define the situation and possible improvements in efficiency there. The progress scores for the latter two strata were 1.15 and 1.24, whereas the attractiveness scores were 1.85 and 1.63. Most of the livestock farms belonged to the second-and third-level efficiency frontiers, therefore the corresponding progress scores were 1.13 and 1.14, whereas the corresponding attractiveness scores were 1.46 and 1.44. Finally, most of the mixed farms fell into the fourth-and fifth-level efficiency frontier with progress scores of 1.11 and 1.16 and the attractiveness scores of 2.55 and 2.94. Thus the crop and mixed farms exhibited slightly higher progress scores, whereas livestock farm featured a higher degree of homogeneity. The mixed farms were specific with higher values of the attractiveness scores. Thus, there exists an important gap between 45% of the mixed farms in the fifth-and sixth-level efficiency frontiers and the remaining ones. The similar situation was observed for the crop farms. Therefore, the crop and mixed farms should be provided with more diverse incentives for efficiency improvements.
Conclusions
1. The carried out context-dependent data envelopment analysis grouped Lithuanian family farms into certain strata associated with different productivity levels. As a result, the crop farms were grouped into the nine strata associated with different levels of efficiency, the livestock farms were grouped into the five strata, and the mixed farms were grouped into the six strata. Therefore, the crop farms appeared to be the most heterogeneous in terms of efficiency and productivity.
2. The progress and attractiveness scores enabled to quantify the distances between observations and the surrounding strata (i. e. levels of efficiency). The results showed that the mixed and livestock farms were specific with certain strata featuring inflated values of the progress scores. These findings imply that some groups of the mixed and crop farms require extremely high increases in productivity to reach a higher level of efficiency. This was especially the case for the first and last strata, which encompass the most and least productive farms, respectively. Accordingly,
